In this work, we propose a novel method to improve texture based tumor segmentation by fusing cell density patterns that are generated from tumor growth modeling. To model tumor growth, we solve the reaction-diffusion equation by using Lattice-Boltzmann method (LBM). Computational tumor growth modeling obtains the cell density distribution that potentially indicates the predicted tissue locations in the brain over time. The density patterns is then considered as novel features along with other texture (such as fractal, and multifractal Brownian motion (mBm)), and intensity features in MRI for improved brain tumor segmentation. We evaluate the proposed method with about one hundred longitudinal MRI scans from five patients obtained from public BRATS 2015 data set, validated by the ground truth. The result shows significant improvement of complete tumor segmentation using ANOVA analysis for five patients in longitudinal MR images.
INTRODUCTION
Glioblastoma (GBM), a grade IV astrocytoma, is one of the most common and aggressive tumor in brain. It is highly diffusive and infiltrative to surrounding tissues and very difficult to cure. Even though there are many advanced treatments available, patients with GBM have median survival of 14.6 months after diagnosis [1] . Brain tumor segmentation from MRI is a crucial task of identifying and locating tumor for neurosurgeons, oncologists and radiologists for treatment planning and disease managment. Manual segmentation is a time consuming, tedious and error-prone work. Therefore, automatic tumor segmentation techniques are needed. However, robust automatic tumor segmentation is still a very challenging task in medical image analysis due to tumor heterogeneity, variations size, shape, location and intenisty, unpredictable apperance of multiple abnormal tissues and infiltrations of cancesorous cells among surrounding tissues [2] . The many different techniques for brain tumor segmentation in literature can be broadly catergorized as discriminative and generative approaches [3] . Discriminative method defines the model based on the voxel labels with intensities [2] [4] [5] , while the generative method defines the model by computing the joint probability distribution of voxel labels [3] [6] [7] . The generative approaches use registration technique for aligning tumor bearing images with a normative atlas. However, the assumption of localized spatial support does not hold due the present of tumor or lesion. Few methods use other techniques such as over-segmentation of the tumor bearing MRI images [8] [9] to avoid challenges in deformable image registration
In our previous work, we developed a texture based brain tumor tissue segmentation in multimodality MRI using public datasets [2] . The work obtains novel texture features such as piece-wise triangular prism surface area (fractal), multifractional Brownian motion (mBm) and Garbor-like textons and utlize classical random forest (RF) classifier for tumor segmentation. Howerver, for longtitudinal MRI scans, tumor growth modeling may provide additional information over time that may be used to facilitate predictive segmentation. There have been few growth modeling methods used for longitudinal tumor segmentation in literature [3] , [8] , [10] and [11] . In [3] , the authors let tumor seed grow in atlas, then register the simulated tumor beairng atlas with patient MRI to achieve tumor segmentation. In [8] , the authors use joint label fusion to segment tumor by integrating tumor label prediction of tumor growth. In [10] and [11] , authors work with conditional random field for tumor segmentation. However, none of these methods explicitly obtains tumor segmentation using growth patterns as features.
Consequently, this work proposes a method that fuses features obtained from tumor growth modeling with our prior texture and intensity features to obtain improved tumor segmentation in longitudinal data. We use the cell density information obtained from the growth patterns as new feature to segment the abnormal tissues in the brain MRI. The tumor growth model is based on reaction-diffusion equation and solved using Lattice-Boltzmann method (LBM), a class of computational fluid dynamics (CFD) method for fluid simulation [12] .
The rest of this paper is organized as follows. Section 2 introduces the related background, including texture based tumor segmentation and tumor growth modeling. We obtain mathematical derivation for the reaction diffusion-based tumor growth model in section 3. Section 4 discusses the experiments and results, and conclusion is discussed in section 5.
BACKGROUND

Texture based brain tumor segmentation
In previous work, we developed a stochastic model for characterizing tumor texture in MR images [2] [4] . In the method, we fuse fractal and multi-scale spatially variable mBm texture features with intensity and intensity difference among different MRI modalities. Random forest is used to obtain multiclass tumor tissue segmentation where threefold crossvalidation varies from 73% to 87% using Dice overlap for tumor core and complete tumor. More details on these fractalbased texture features may be found in [2] and [4] .
Tumor growth model
Tumor growth is the abnormal growth of tissue, which usually involves cell invasion and mass effect. In cell invasion, tumor cells migrate as a cohesive and multicellular group with retained cell-cell junctions and penetrate to surrounding health tissues [13] . Mass effect is the effect of the growing tumor mass that results in secondary pathological effects by pushing on or displacing surrounding tissues. Reaction-diffusion equation has been widely used to model tumor growth, using a diffusion and a logistic proliferation term as follows,
.
where is the tumor cell density, is the infiltrating diffusion coefficient, and is the proliferation rate. Equation (2) enforces Neumann boundary conditions on the brain domain Ω, and ⃗ is unit normal vector on the Ω pointing inward to the domain.
METHODS
The proposed method utilizes tumor growth patterns as novel features to improve texture based tumor segmentation in longitudinal MRI. The growth patterns are obtained as cell density for different tissues in a tumor growth model. The proposed pipeline is showing in Figure 1 . We extract texture (e.g., fractal, and mBm), and intensity features and obtain the ground truth label map for different tissues from MRI scans at the first-time point. We use the label maps to obtain tumor growth modeling and predict cell density for next time point. Finally, we consider cell density pattern as a new feature, fuse cell density with other features using a random forest classifier to generate the label of second time point data.
1st scan date 2nd scan date Figure 1 . Pipeline of the proposed method. At the 1 st scan date, we use the label map of 1 st scan image as input of tumor growth model, so that we can predict the cell density distribution of 2 nd scan data. Adding the cell density with other features, such as fractal, mBm and intensity, etc., applying to the RF classifier for predict the label of 2 nd scan data.
Lattice-Boltzmann method
In order to solve the partial-differential equation (PDE) for tumor growth, shown equation (1), we use Lattice-Boltzmann method (LBM) since LBM method is computationally efficient and may be easily parallelized. The LBM is defined as [14] :
where ( , , ) is the one particle distribution function of specifies with velocity at time and dimensionless position . Ω S NR is nonreactive term. S R is active term.
where τ is the relaxation time.
( , , ), the equilibrium distribution function, depends on and corresponding to a system with zero mean flow given as:
Two-dimensional nine-velocity (D2Q9) model is commonly used in 2D cases. The nine discrete velocities are as follows, 
Let's define: 
Here, is the cell density as defined in equation (1), and , is dependent on the lattice system. In our case: 
By using LBM, the reaction-diffusion equation can be recovered as: 
Algorithm for tumor growth model
We obtain the following algorithm to solve the tumor growth modeling. 
EXPERIMENT AND RESULTS
The section demonstrates the experiment of tumor growth model and texture based brain tumor segmentation with cell density information. We also discuss the result at end. Data
We evaluate the proposed method using patient data from BRATS 2015 [15] . Among the high-grade patients' data in BRATS 2015, there are 5 longitudinal cases with tumor increase, for each patient there are four MRI modalities (T1, contrast enhanced T1, T2, FLAIR) and a ground truth. All four modalities images are co-registered and skull-stripped. Abnormal tissue types include necrosis, edema, non-enhancing tumor, enhancing tumor and everything else.
Experiment for tumor growth model
To solve brain tumor growth model by using LBM, there are three parameters that impact the performance: diffusion coefficient , proliferation rate and simulated days . The diffusion coefficient and proliferation are variable in the s 4 4* model. Choosing the value of these variables is a challenging task and varies due to tissue variability. In [16] Figure 4 shows an example of tumor growth modeling.
We then apply the tumor growth model to real patient data from BRATS 2015. For each patient, it may have all necrosis, edema, non-enhancing tumor and enhancing tumor. We simulate all abnormal tissues separately, then fuse all into the final label of the patient. Parameters vary among the tissues. Figure 5 shows an example of tumor growth in an MRI slice for a patient in BRATS 2015 data. 
Experiment for tumor segmentation
By using the proposed method, we obtain the cell density patterns for non-enhancing tumor core enhancing tumor and complete tumor (includes all tissues including edema and necrosis) tissues respectively. Following our previous work [2] , we use a total 30 features, including fractal, mBm, intensity and intensity difference among MRI modalities. By adding cell density as a new feature type, we now have 34 features (necrosis density, edema density, non-enhancing tumor density and enhancing tumor density) extracted from each MRI slice. We evaluate our method using 5 patients with 20 slices for each patient. Figure 6 shows an example of Dice similarity coefficient (DSC) comparison between tissue segmentation obtained before and after adding cell density as a feature type for a patient. DSC of two sets and is defined as:
Tumor region is defined as complete tumor, tumor core and enhancing tumor [15] . We evaluate the performance of the proposed method for all 100 MRI slices using both leave-one-out (LOO) and 3-fold cross validation as shown in Figure  7 . Number of samples Figure 7 . Comparison of DSC between with and without cell density feature by using Leave-One-Out (left column) and 3-Folder cross validation (right column) for all slices, respectively. Table 1 shows the mean DSC for three tumor tissues for both validation methods. We further obtain statistical validation using analysis of variance (ANOVA) for all 100 MRI slices and the result is shown in Table 2 . The experimental cross-validation using both LOO classification and 3-Fold suggests that adding cell density feature improves the complete tumor segmentation. Furthermore, ANOVA analysis shows that fusion of tumor growth pattern with texture and intensity features offers significant improvement for the complete tumor tissue segmentation. In general, 3-fold cross validation method shows better performance over LOO for this work.
CONCLUSION AND FUTURE WORK
In this paper, we propose an improved texture based brain tumor segmentation method in longitudinal MR images by fusing tumor cell density patterns obtained from computational tumor growth modeling with other features. ANOVA analysis suggests the validity of the method for tumor core tissues for five patients in BRATS competition. In order for the method to be useful, we need to extend the proposed method to improve segmentation of other abnormal tissues associated with brain tumor. We further plan to evaluate our method with large number of patients. In addition, another future work may be to develop a more realistic tumor growth model by considering the treatment modalities.
